Weighted gene coexpression network analysis (WGCNA) is a powerful 'guilt-by-association'-based method to extract coexpressed groups of genes from large heterogeneous messenger RNA expression data sets. We have utilized WGCNA to identify 11 coregulated gene clusters across 2342 breast cancer samples from 13 microarray-based gene expression studies. A number of these transcriptional modules were found to be correlated to clinicopathological variables (e.g. tumor grade), survival endpoints for breast cancer as a whole (disease-free survival, distant disease-free survival and overall survival) and also its molecular subtypes (luminal A, luminal B, HER2+ and basal-like). Examples of findings arising from this work include the identification of a cluster of proliferationrelated genes that when upregulated correlated to increased tumor grade and were associated with poor survival in general. The prognostic potential of novel genes, for example, ubiquitin-conjugating enzyme E2S (UBE2S) within this group was confirmed in an independent data set. In addition, gene clusters were also associated with survival for breast cancer molecular subtypes including a cluster of genes that was found to correlate with prognosis exclusively for basal-like breast cancer. The upregulation of several single genes within this coexpression cluster, for example, the potassium channel, subfamily K, member 5 (KCNK5) was associated with poor outcome for the basal-like molecular subtype. We have developed an online database to allow user-friendly access to the coexpression patterns and the survival analysis outputs uncovered in this study (available at http://glados.ucd.ie/Coexpression/).
Introduction
Breast cancer is characterized not as single disease but as a heterogeneous group of neoplasms defined by discrete underlying biology, pathological features and consequent clinical outcomes. Classification of breast cancers has traditionally been accomplished using clinicopathological criteria (e.g. histological grade and lymph node status) in combination with the expression of several receptor proteins including estrogen receptor (ER), progesterone receptor (PR) and human epidermal growth factor 2 (HER2). The status of these variables are considered against clinical guidelines (e.g. St Gallen) (1) or online tools [e.g. Adjuvant Online! (http://www.adjuvantonline. com)] to aid clinical decision making in terms of selecting suitable treatment (e.g. hormone-based therapy for ER+ patients) and determining patient prognosis.
Our current understanding of the breadth of breast cancer complexity has been greatly enhanced through the study of global gene and protein expression. Early analysis of messenger RNA levels using microarrays led to the division of breast cancer into at least five distinct molecular subtypes (luminal A, luminal B, normal-like, HER2+ and basal-like) (2) . Further evidence from gene expression and copy number variation profiling has suggested that breast cancer can be further subclassified into as many as 10 distinct subtypes (3) . A recent paper has identified two further subgroups from protein expression (4) . In that study, following integration of several different data types (e.g. mutation analysis, copy number variation and proteomics) with transcriptomic data, the similarity between basal-like breast cancer and serous ovarian cancer was demonstrated.
In addition to improving our understanding of molecular mechanisms, the derivation of transcriptomics-based prognostic signatures has received considerable attention. Efforts are underway to commercialize and validate a number of these tests, perhaps the two most well-known being the Mammaprint (5) and Oncotype DX (6) assays. The accumulation of a large volume of breast cancer microarray data within repositories such as GEO (http://www.ncbi.nlm.nih.gov/ geo/) and ArrayExpress (www.ebi.ac.uk/arrayexpress/) presents an opportunity to reanalyze gene expression data from multiple studies (sometimes termed a meta-analysis) and move away from defining subjective classifications of sample type (7) . Integrating information from multiple studies provides an increase in statistical power and allows a greater proportion of the heterogeneity associated with breast cancer and technical variability associated with microarrays to be captured. To date, various statistical approaches have been developed for single-gene microarray meta-analyses to identify biomarkers in cancer as a whole (8, 9) and individual cancer types (e.g. non-small cell lung cancer) (10) . Examples of applications of single-gene meta-analyses in breast cancer research include the differentiation of ER+/− patients (11) and identifying the correlation of decreased GATA binding protein 3 (GATA3) gene expression with invasion and poor disease-free survival (DFS) (12) . In recent years, a number of web-based tools have also been developed to allow researchers to assess the association of putative prognostic markers in large breast cancer data sets with survival (e.g. BreastMark (13) and KMplot (14) ).
Coexpression analysis has emerged as a powerful technique for multigene analysis of large-scale data sets. The underlying concept of gene coexpression analysis is 'guilt-by-association', in that groups of genes (known as coexpression modules) found to maintain a consistent expression relationship independent of phenotype are coregulated and may share a common biological role. The evolutionary conservation of coexpression patterns lends further evidence to support the biological importance of this phenomenon (15) . Coexpression analyses have been utilized to study a wide range biological systems from the investigation of the evolution (16) and function (17) of the human brain, to uncovering the biological processes underlying the production of biopharmaceuticals using mammalian cells (18) . In cancer research, coexpression analyses have exposed the messenger RNA and microRNA expression network in prostate cancer (19) and identified the ASPM gene as a novel molecular target in glioblastoma (20) . A study by Wirapati et al. (21) utilized coexpression analysis to analyze a breast cancer data set containing 2833 samples. Here, a type of supervised coexpression analysis was conducted against three 'prototype' genes, ESR1, ERBB2 and AURKA, to represent ER status, HER2 status and proliferation, respectively. The coexpression of genes within nine separate prognostic signatures with the prototype genes was utilized to test individual signatures and highlight the role of proliferation in breast cancer.
In this study, we utilize weighted gene coexpression network analysis (WGCNA) (22) to analyze a data set comprising 2342 samples taken from 13 publically available data sets. This study expands on the coexpression analysis conducted in the Wirapati study in three ways. First, the initial phase of the WGCNA method allows the identification of coexpression modules in an unsupervised manner without the selection of genes related to any biological process. Second, we conduct survival analysis for three survival endpoints, overall survival (OS), distant disease-free survival (DDFS) and DFS. The final distinction between both studies is the identification of coexpression modules associated with outcome for breast cancer molecular subtypes.
From 5500 of the most highly coexpressed and variable probesets across the breast cancer sample set, we identified 11 distinct coexpression modules (ranging in size from 30 to 1020 probesets). Following survival analysis, all 11 coexpression modules were found to be significantly associated with at least one of the survival endpoints. The utility of the approach to discover novel prognostic genes within coexpressed clusters is demonstrated by utilizing an in-house independent microarray data set. For instance, we identified high ubiquitin-conjugating enzyme E2S (UBE2S) gene expression as indicative of poor OS in both the public and independent data sets. This gene was coexpressed in a 723-probeset module related to cell proliferation and coexpressed with the well-known breast cancer markers MKI67 and AURKA. Furthermore, we were able to identify novel makers for the molecular subtypes, including the association of increased CD53 gene expression with good outcome for both the HER2+ and basallike breast cancers.
Materials and methods

Publically available data sets
The raw gene expression data from 13 breast cancer data sets (23) (24) (25) (26) (27) (28) (29) (30) (31) (32) (33) (34) (35) were downloaded from the GEO data repository (http://www.ncbi.nlm.nih.gov/ geo/). The combined data set contained a total of 2342 samples hybridized to probesets present on both the Affymetrix HG-U133A and the HG-U133A Plus2 platform. In total, these platforms have 22 277 probe sets in common. Clinicopathological variables (age, tumor size, lymph node involvement and tumor grade), receptor protein expression (ER, HER2 and PR) and survival information (DFS, DDFS and OS) were compiled for each gene expression data set (Supplementary Table 1 , available at Carcinogenesis Online). All microarray data were called using the GC robust multichip average method (36) and quantile normalized using the 'affy' Bioconductor package. The ComBat algorithm was utilized to adjust the data for potential batch effects (37) . Prior to WGCNA analysis, we filtered probesets on a study-by-study basis for expression [signal > log 2 (100) in at least 5% of samples within at least one study] and/or invariance (interquartile range < 1.25; Supplementary  Figure 1 , available at Carcinogenesis Online). In total, 6737 probesets passed these filtering criteria.
Classification of breast cancer subtypes in public microarray data set Breast cancers were divided into luminal A, luminal B, HER2+ and basal-like subtypes using the ssp2003 (38) , ssp2006 (39) and pam50 (40) classifiers, via the 'genefu' R package (http://www.bioconductor.org/packages/release/bioc/ html/genefu.html). For subsequent survival analyses, samples were included within subtypes on the basis of classification by at least one the above classifiers. Genefu classified 1521 samples as luminal A, 1120 samples as luminal B, 457 samples as HER2+ and 412 samples as basal-like. A degree of overlap exists between the subtypes as the subtype classifiers are not completely concordant.
In-house breast cancer gene expression profiling Patient selection. Tissue specimens from 104 cases of primary breast cancer (prior to any treatment with tamoxifen or chemotherapeutic agents), for which clinical follow-up and pathologic material, including snap-frozen tissue, were available for analysis from the 1993-97 files of Department of Pathology, St Vincent's University Hospital, Dublin, Ireland, were included in this study. A summary of the patient characteristics within the in-house data set is provided in Supplementary Table 2, available at Carcinogenesis Online. The patients involved underwent potentially curative resection at the hospital. Unfixed fresh breast resection specimens were received in the pathology laboratory within a maximum of 30 min of resection. The tissue was examined macroscopically and tumor samples were snap frozen in liquid nitrogen and subsequently stored at −70°C prior to RNA isolation. A number of clinical and pathological parameters were extracted from patients' charts including details on age, post-operative treatment and follow-up, tumor stage and hormonal analysis.
RNA preparation and microarray analysis. Using procedures described previously (41) , RNA was isolated from clinical specimens, quantity and quality were evaluated using Nanodrop (ND-1000; Labtech. International) and Agilent bioanalyzer (Agilent 2100; Agilent Technologies), respectively, and RNA was labeled and hybridized to Affymetrix HG-U133A Plus 2.0 microarrays. The data processing procedure was the same as for the public data sets (Supplementary Figure 1 , available at Carcinogenesis Online). These data have been submitted to the GEO microarray data repository (GSE42568).
Weighted gene network coexpression analysis WGCNA (22) was carried out on the 6737 filtered probesets using the R 'wgcna' package (42) . The first stage in WGCNA utilizes a similarity measure to summarize the relationship between all pairs of probesets across the data set to create a correlation matrix. In this case, we use the signed WGCNA coexpression measure (42, 43) , and correlation matrix similarity values range from 0 (strongly negatively correlated) to 1 (strongly positively correlated). To identify coexpression modules, WGCNA uses a 'soft-thresholding procedure' to avoid the selection of an arbitrary cut-off. To achieve this weighted separation of coexpression, the correlation matrix is transformed to what is known as an adjacency matrix in a process that aims to mimic a network structure commonly found in nature. For information on how this transformation is achieved, see ref. 22 . Coexpression similarity for each pair of genes from the adjacency matrix is determined via a network distance measure known as the topological overlap measure (22, 44) . The application of the topological overlap measure improves the sensitivity of coexpression identification by assessing gene pairs in terms of their direct correlation and also the degree of agreement in terms of associations to the other genes in the data set. Clusters of coexpressed genes are identified by hierarchical cluster analysis following subtraction of the topological overlap measure similarity from 1. A more detailed treatment of the WGCNA method can be found in refs 22 and 45.
To assess the potential associations between coexpressed gene clusters and survival/clinicopathological variables, a single-column vector called the module eigengene (ME) is utilized (Supplementary Figure 1 , available at Carcinogenesis Online). The MEs are produced by retaining the first principal component following principal components analysis of the log 2 normalized expression data for each group of coexpressed probesets across the 2342 samples. As each ME contains the majority of variance within the raw data, it represents a summary measure for the overall coexpression network. The degree to which a particular gene's expression agrees to ME expression is known as the module membership. This measure of coexpression network centrality is determined via calculation of Pearson's correlation coefficient (PCC) between each individual gene and ME. For example, if gene A is a member of the yellow module, we would expect a PCC value approaching +1. The calculation of module membership allows probesets to be ranked according to their similarity to individual coexpression modules.
Survival analysis
Each data set has its own follow-up data specific to the requirements of that study, including one or more of DFS, DDFS and OS. Survival analysis was carried out via the 'survival' R package (http://cran.r-project.org/web/packages/survival/index.html). The hazard ratio (HR) was determined via a Cox regression model and survival curves were plotted from Kaplan-Meier estimates. For single-gene survival analysis, the data were dichotomized around the median expression of that gene within each individual study (to allow for interstudy variation) and all studies were subsequently combined to perform a meta-survival analysis (Supplementary Figure 1 , available at Carcinogenesis Online). For multigene associations, each ME was dichotomized to high and low expression around its median value. DFS, DDFS and OS were used for survival endpoints when looking at breast cancer as a whole. To determine survival associations within the breast cancer subtypes (luminal A, luminal B, HER2+ and basal-like), DFS was used as the survival endpoint, where this was not available DDFS was used, and where neither was available OS was used.
Functional annotation
Gene ontology (GO) biological process enrichment analysis was carried out for coexpression modules via the DAVID bioinformatics tool (http://david. abcc.ncifcrf.gov/).
Database development
To accompany the findings from this study, an online database (http://glados. ucd.ie/Coexpression/) was developed to allow researchers in the breast cancer community to access the underlying information in a user-friendly manner. The gene-centric database can be searched or browsed by gene of interest to locate coexpressed gene partners using the PCC or Spearman correlation coefficient. The HR and accompanying P-value from survival analysis for the DFS, DDFS or OS endpoints are returned. In addition to endpoints for breast cancer as whole, survival information for the four molecular subtypes can also be returned. An interactive network diagram is also constructed using the flash network viewer (46) and moving the mouse over the coexpressed genes presents the corresponding Kaplan-Meier survival curves. An example of the network diagram output provided by the database is shown in Supplementary  Figure 2 , available at Carcinogenesis Online.
Results
Identification of coexpressed gene clusters from the publicly available breast cancer microarray data set using WGCNA Prior to WGCNA, probesets that had low expression and/or did not vary sufficiently across each of the 13 data sets were eliminated on a study-by-study basis. From the remaining probesets, we retained only those that were present on both the Affymetrix HG-U133A and HG-U133 Plus 2.0 microarray (these platforms have 22 277 probesets in common). A total of 6737 probesets met these criteria across the publically available data (n = 2342). At this stage, the data were further reduced by retaining only the 5500 probesets with the strongest degree of coexpression across the data set (calculated by summing the coexpression similarity in each row of the adjacency matrix). From the remaining data (2342 samples × 5500 probesets), WGCNA elucidated 11 coexpressed modules ranging in size from 30 to 1020 probesets (Figure 1A, Supplementary Table 3 and Supplementary File 1, available at Carcinogenesis Online). A single group of 79 noncoexpressed probesets was also outputted. In this paper, we adopted the WGCNA developer's rationale of assigning each coexpression module an arbitrary color for reference (with the non-coexpressed group designated as 'gray'). To determine if there was any association with clinicopathological variables or survival using the PCC or Cox regression, respectively, principal components analysis was carried out to generate the MEs (Supplementary Table 3 , available at Carcinogenesis Online, shows the amount of variance captured for each ME). The MEs provide single-column summary measures of the overall information contained within each coexpression cluster to allow associations to be drawn. We also calculated the module membership between each of the 5500 probesets and the coexpression modules (Supplementary File 1, available at Carcinogenesis Online).
Several coexpression modules are correlated to breast cancer clinicopathological variables
To determine if any of the identified coexpression modules were associated with clinicopathological information, we calculated the PCC between the (undichotomized) MEs and age, tumor size, tumor grade, lymph node status and receptor expression (ER, HER2 and PR; Figure 1B ). The green (984 probesets) and yellow (723 probesets) modules yielded significant although opposite PCCs with ER status (yellow = −0.37; green = +0.57), PR status (yellow = −0.32; green = +0.5) and tumor grade (yellow = +0.56; green = −0.43). We also observed negative correlations between the blue (PCC = −0.25) and black (PCC = −0.33) MEs and tumor grade. The magenta coexpression module was found to be associated solely with HER2 status (PCC = +0.3; Figure 1B ).
WGCNA identifies gene modules with significant associations to DFS, DDFS and OS within the breast cancer data set
To identify associations between the coexpression modules and OS endpoints [DDFS (n = 977), DFS (n = 1454) and OS (n = 1054)] Cox regression was used to calculate the HR and accompanying P-value for each dichotomized ME (Table I ). The yellow module was found to have significant associations with the three survival endpoints for breast cancer as a whole. Increased expression of those genes contained within the yellow module indicate poor prognosis with respect to OS (HR = 2.39, P = 1.57 × 10 −10
; Figure 2A) , DDFS (HR = 1.89, P = 1.13 × 10 -6 ; Figure 2B ) and DFS (HR = 1.97, P = 1.11 × 10 -15 ; Figure 2C ). These results are consistent with this module correlating with higher tumor grade (PCC = +0.56; Figure 1B ), low ER expression (PCC = −0.37; Figure 1B ) and low PR expression (PCC = −0.32; Figure 1B) . Following GO enrichment analysis, categories associated with proliferation such as cell cycle and DNA replication were found to be over-represented within the yellow coexpression module ( Figure 2D , Supplementary File 2, available at Carcinogenesis Online). We also assessed the association with survival between the yellow ME within each of the 13 publically available data sets for the OS endpoints and the results observed were consistent (Supplementary Table 4 , available at Carcinogenesis Online). The cyan module (53 probesets) was also found to be associated with poor outcome for the OS (HR = 1.58, P = 4.75 × 10 ) endpoints, however relatively weak correlations with clinicopathological variables were observed ( Figure 1B) .
In contrast with the yellow module, the green module was correlated with lower tumor grade (PCC = −0.43) and high ER (PCC = +0.57) and PR (PCC = +0.5) expression ( Figure 1B ). As we might expect, increased expression of the green coexpression cluster (984 probesets) was associated with good prognosis for OS (HR = 0.68, P = 3.45 × 10 -3 ) and DDFS (HR = 0.76, P = 3.13 × 10 -2 ; Table I ). Increased expression of the purple coexpression module (140 probesets) was exclusively associated with OS and indicated good prognosis (HR = 0.74, P = 2.05 × 10 -2 ).
Validation of genes within coexpression modules associated with OS in an independent gene expression data set
To assess the utility of WGCNA as a means of identifying novel genes indicative of prognosis, we carried out survival analysis for probesets contained within those coexpression modules associated with OS endpoints. Survival analysis was initially carried out for individual probesets within the publically available gene expression data set (n = 2342). The HRs and accompanying P-values for all 5500 probesets within the analysis against DFS, DDFS and OS can be found in Supplementary File 1, available at Carcinogenesis Online. For those genes correlating with survival, we compared their prognostic performance within an independent in-house data set (n = 104) that was not used to generate the coexpression clusters. Elevated expression of the yellow coexpression module (containing 723 probesets) was found to be indicative of poor outcome for the three OS endpoints across the publically available data set (n = 2342; Table I ). The prognostic ability of the coexpression module with respect to OS was confirmed within the independent in-house data set (HR = 2.26, P = 0.03; Supplementary Table 4 , available at Carcinogenesis Online). Single-gene survival analysis for OS identified 157 probesets (Supplementary Table 5 , available at Carcinogenesis Online) that were significantly (P < 0.05) associated with poor outcome in both the publically available data set and also the independent data set (a HR of >1 was observed for 592/723 probesets in the independent data set). Several well-known proliferation markers such as MKI67, AURKA, AURKB, CCNE1, CDC20, MCM10 and MCM4 are significant in both data sets. We also identified several markers which to our knowledge have not been associated with OS in breast cancer previously. For example, high expression of the UBE2S gene was found to correlate with poor outcome for OS within the public data (HR = 2.38, P = 3.21 × 10 −10 ; Figure 3A ) and the independent data set (HR = 3.01, P = 6.24 × 10 -3 ; Figure 3B ).
Increased expression of the green coexpression module, containing 984 probesets, was found to be associated with good prognosis using OS as the endpoint in both the publically available data set (HR = 0.68, P = 3.45 × 10 -3
) and independent in-house data set (HR = 0.26, P = 2.18 × 10 -4 ; data not shown). We again carried out survival analysis for the individual probesets identifying 219 (Supplementary Table 6 , available at Carcinogenesis Online) that were significantly associated (P < 0.05) with favorable breast cancer outcome within both data sets (852/984 probesets had a HR < 1 in the independent data set). This cluster also contained putative novel prognostic markers for breast cancer. For example, the furry homolog (FRY), a gene not previously associated with breast cancer in the literature, was found to be associated with favorable outcome within the main data set (HR = 0.55, P = 6.41 × 10 -6 ; Figure 3C ) and the independent data set (HR = 0.29, P = 1.5 × 10 -3 ; Figure 3D ).
Identification of gene coexpression modules with significant breast cancer subtype-specific survival associations
In addition to survival analysis in breast cancer as a whole, we also determined if significant associations between the gene 
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Significant HRs (*P < 0.05) are given in bold. CI, 95% confidence interval; n = sample number.
coexpression modules and the molecular subtypes could be found. Survival analysis identified a number of coexpression modules that were associated with survival within molecular subtypes and also modules associated with a single subtype (Table II) . Increased expression of the black (206 probesets) and blue (containing 928 probesets) coexpression modules were found to be associated with good prognosis for the luminal A subtype (HR = 0.74, P = 9. 55 × 10 -4 and HR = 0.78, P = 7.18 × 10 -3 , respectively). Following GO enrichment analysis, both groups of genes were found to be enriched for similar biological processes including cell adhesion, cell motility and regulation of proliferation (Supplementary File 2, available at Carcinogenesis Online). For the luminal B subtype, poor survival was found to be associated with increased expression of three coexpression modules (cyan, magenta and yellow). The yellow module, while significant for all three OS endpoints (Table I) , was found to be associated only with ER+ breast cancer, that is, the luminal A (HR = 1.75, P = 1.88 × 10 -9 ) and luminal B (HR = 1.35, P = 1. 76 × 10 -3 ) subtypes.
Conversely, upregulation of those genes contained within the orange module was associated with good outcome exclusively for the non-luminal subtypes, that is, HER2+ (HR = 0.66, P = 5.46 × 10 -3 ) and basal-like (HR = 0.63, P = 2.62 × 10 -3 ). GO enrichment analysis revealed the over-representation of genes related to immune response (Supplementary File 2, available at Carcinogenesis Online); these findings are in agreement with previous studies on ER− breast cancer subtypes (47) . An increase in expression of the magenta module (containing 30 probesets) was found to be associated with poor outcome within the HER2+ (HR = 1.39, P = 2.73 × 10 -2 ) and also the luminal A (HR = 1.32, P = 2.42 × 10 -3
) and luminal B (HR = 1.36, P = 1.12 × 10 -3 ) subtypes. High expression of the turquoise module (containing 1020 probesets) was found to indicate poor prognosis exclusively for the basal-like subtype (HR = 1.37, P = 4.28 × 10 -2 ). We also calculated HRs and accompanying P-values to highlight single probeset markers for the luminal A, luminal B, HER2+ and basal-like subtypes (Supplementary File 1, available at Carcinogenesis Online). We were unable to compare the results for individual genes Fig. 2 . Elevated expression of the yellow ME, a group of coexpressed probesets related to cell proliferation indicates poor outcome in breast cancer. KaplanMeier survival plots for (A) OS, (B) DDFS and (C) DFS. Increased expression (black) of this coexpressed group is associated with poor outcome in breast cancer as a whole. (D) GO enrichment analysis for the 723 probesets comprising the yellow module identifies multiple processes related to cell proliferation. The original significance outputted from DAVID for GO biological processes were transformed to '-log(P-value)' for plotting (Supplementary File 2, available at Carcinogenesis Online).
to the in-house data set with respect to molecular subtypes due to sample numbers. Analysis of blue module probesets within the luminal A group highlighted a number of single-gene indicators including PDZ and LIM domain 4 (PDLIM4), a candidate tumor suppressor gene downregulated in prostate cancer (48) and thought to be suppressed via hypermethylation in breast cancer (49) . PDLIM4 is particularly interesting as increased expression of this gene is indicative of good prognosis within the luminal A subtype (HR = 0.69, P = 5.35 × 10 -5 ; Figure 4A ) and luminal B subtypes (HR = 0.80, P = 2.41 × 10 -2 ), while the opposite relationship is observed for basal-like breast cancer (HR = 1.58, 3.34 × 10 -3 ). The forkhead box protein M1 (FOXM1) gene was associated with poor outcome within the luminal B molecular subtype (HR = 1.36, P = 1.67 × 10 -3 ; Figure 4B ). This result confirms the utility of the approach as FOXM1 is a well-studied transcription factor with roles in various cancers including breast cancer (50) . For the turquoise coexpression module, we identified a number of genes where increased expression correlated with poor prognosis exclusively for the basal-like molecular subtype. For example, the potassium channel, subfamily K, member 5 (KCNK5) gene when highly expressed was associated with poor survival (HR = 1.95, P = 7.48 × 10 -3 ; Figure 4C ). The orange module, a group of genes enriched for GO immune system processes (Supplementary File 2, available at Carcinogenesis Online), was indicative of good outcome for both HER2+ and basal-like breast cancers. Once again, individual probesets within this module follow a similar pattern to that of the coexpression cluster, for instance, CD53 had significant associations with good prognosis for both the HER2+ (HR = 0.45, P = 5.76 × 10 -8 ; Figure 4D ) and basal-like subtypes (HR = 0.58, P = 4 × 10 -4 ; Supplementary Table 1, available at Carcinogenesis Online).
Discussion
We have utilized a coexpression-based method to analyze a messenger RNA expression data set containing 2342 breast cancer samples to identify genes correlating with clinical variables and associated with prognosis. The diversity of the patient cohort under investigation captures the heterogeneous nature of breast cancer and identifies gene candidates with a high degree of statistical power. The WGCNA approach is ideally suited to the analysis of such data sets. The underlying philosophy of the algorithm turns the complexity of the data set into an advantage to elucidate gene relationships above the level of noise and remain constant across all samples. The unsupervised nature of WGCNA avoids subjective decisions and potential biases associated with defining control samples for supervised approaches or selecting genes previously associated with breast cancer. This is of particular relevance when focusing on the less common basal-like subtype as it is not characterized by any of those genes utilized in previous coexpression analyses (e.g. AURKA, ESR1 or ERRB2).
In this study, we identified 11 distinct coexpression modules from 5500 probesets that passed our pre-filtering criteria for WGCNA analysis. A comparison measure known as the ME was calculated to assess the relevance of each gene cluster in terms of the clincopathological variables and survival endpoints using the PCC and Cox regression, respectively. As one might expect the associations observed between these two analyses are not mutually exclusive in that where we observed a meaningful association with a clinical variable, the module tended to be significant for survival (although the opposite was not always the case). Increased association of the yellow module comprised of 723 probesets and enriched for genes related to cellular proliferation correlated with higher tumor grade and was associated with lower ER and PR expression. Well-known breast cancer biomarkers including AURKA (utilized as a 'prototype' gene in the Wirapati coexpression study) (20) and MKI67 were present within this gene cluster along with UBE2S, a potential novel marker that was validated in our independent data set. As we would expect, this coexpressed gene cluster involved in cell growth was significantly associated with poor outcome for the DFS, DDFS and OS endpoints. Although significant associations with survival between the yellow module and luminal A and luminal B subtypes were observed, there was no significant association with basallike and HER2+, perhaps indicating the difficulty in characterizing these subtypes. Following survival analysis of single genes within the yellow module against the main data set and within an independent data set, we observed that ~22% genes were significant in both data sets for OS. Considering the relatively small size and/or potential sample bias within the in-house breast cancer data set, we would not expect to see 100% concordance in gene significance. Our aim here was to demonstrate that genes within coexpressed clusters are significant and also prioritize novel genes through comparison with an independent data set. Perhaps the most compelling observation is that following evaluation of the HRs between the public data set and the independent data set, a similar trend (a HR > 1 for the OS endpoint) was observed for ~82% (592/723) of the probesets in the yellow module.
Increased expression of the green coexpression module and clinical variables was found to be associated with positive ER and PR receptor expression along with lower tumor grade. Elevated expression of genes within the green module was also found to be indicative of good prognosis for DDFS and OS. These associations are the reverse of those observed for the yellow module and as we would expect the increased expression of green module genes including GATA3, CA12 and ESR1 (another of the prototype genes utilized in the Wirapati study) (21) are associated with favorable outcome. The green module contained several genes that were previously linked to breast cancer outcome including the leucine-rich repeats and immunoglobulin-like domains 1 (LRIG1), a protein known to be involved in growth factor signaling (51) . Recent studies have linked increased LRIG1 expression with good DFS outcome in ER+ breast cancer (52), negative regulation of receptor tyrosine kinases (53) and ErbB signaling (54) . Following comparison of single-gene survival analyses to the independent testing data set, we highlighted a gene from this module, FRY, as a potential novel prognostic biomarker. In total ~22% of genes from this group were found to significantly correlate to survival in the independent data set (with 852/984 probesets returning a HR < 1 for the OS endpoint), once again identifying novel genes and demonstrating the utility of the approach.
The magenta module containing 30 probesets including one targeting the ERBB2/HER2 gene was the only coexpression cluster found to correlate with HER2+ status. Upregulation of this module and another relatively small module, cyan, were found to correlate with poor prognosis for 3/4 molecular subtypes (luminal A, luminal B and HER2+). Perhaps, the utility of this coexpression analysis is exemplified by the molecular subtype-specific survival association of the increased turquoise module expression with poor outcome exclusively for the basal-like breast cancer subtype. From this module, we have highlighted the significant association between the potential novel marker, KCNK5, and poor outcome within the basal-like molecular subtype. We expect that this work will prove particularly useful for researchers currently focusing on the difficult to treat basal-like tumors, considering the current paucity of useful makers within this subtype. We also found that increased expression of genes within the orange module containing 634 probesets indicated good prognosis within the HER2+ and basal-like subset. Closer examination of the orange module revealed the enrichment of genes involved in the immune process related GO categories. Furthermore, we demonstrated the correlation of the CD53 gene with good prognosis in both the HER2+ and basal-like subtypes.
In summary, we have identified 11 gene coexpression clusters from a large-scale breast cancer data set using WGCNA. We associated a number of these network modules to clinicopathological 1.12-1.62
variables as well as DFS, DDFS and OS. We demonstrated the prognostic relevance of single genes within significant groups against an in-house independent gene expression data set. In addition, we were able to identify coexpression network modules indicative of patient outcome for luminal A, luminal B, HER2+ and basal-like molecular subtypes. In some cases, modules were correlated with survival in a subtype-specific manner and it is expected that some individual genes contained with these modules will also validate in independent data sets. WGCNA is a powerful method to investigate underlying biological mechanisms and to identify genes indicative of patient outcome in large-scale cancer gene expression data sets. The practical utility of this approach is exemplified through the identification of novel prognostic makers via guilt-by-association with well-established markers such as MKI67 and AURKA. We have developed an online database (http://glados. ucd.ie/Coexpression/) enabling user-friendly identification of novel genes providing a valuable resource for the breast cancer research community.
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